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Abstract

Non-communicable diseases remain the leading cause of mortality, morbidity,
and healthcare cost burden worldwide. Decision-making in chronic diseases en-
compasses a wide range of prevention and treatment issues that health profes-
sionals at all levels face on an ongoing basis. Changes in individuals over time
are of paramount importance in chronic diseases, as they affect their lives over a
long period of time. During this time, some therapeutic decisions need to be re-
assessed as the individual’s situation changes. An additional consideration that
makes the management of chronic diseases such a challenging area today is the
uncertainty associated with how the disease will evolve and how the medical de-
cision will affect the individual, not only in the short term but also in the long
term. The volume of healthcare data made available through digitization is now
a reality. One of the most significant changes is the level of detail that can be
provided about an individual patient. This is true both in terms of the hetero-
geneity of the information, as different data sources are integrated, and in terms
of the temporal depth with which the data are collected. However, this period
is also one of great paradox: on one hand, the amount of data about each indi-
vidual is increasing, but on the other, the use of this data for research purposes
is still minimal. Longitudinal information in decision-making is often only taken
into account from a qualitative point of view, with assessments sometimes be-
ing very subjective. From a methodological point of view, this is probably due
to the various challenges in addressing real-world problems related to decision-
making employing a life-course perspective. The main focus of the Thesis is pre-
cisely the difficulty of embedding observational data in an analytical framework
to address specific questions related to the dynamic nature of decision-making in
chronic illness. The recognition that personalized medicine in chronic diseases
goes through the creation of new decision support systems that can help health-
care decision-makers synthesize and process the available information has been
the driving concept behind all the contributions presented. Therefore, the The-
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sis is devoted to the development of a statistical framework that moves in three
directions: i) exploiting past information on biomarkers and treatment to dynam-
ically update the risk of adverse events over time; ii) enabling the estimation of
treatment effects in non-experimental settings, taking into account the challenges
posed by the time dimension and iii) performing scenario analyses to assess the
lifetime consequences of an intervention. To this end, methods from the literature
on causal inference, survival analysis, analysis of repeated measures data, func-
tional data analysis, pharmacoepidemiology, and health economics are combined
to produce novel statistical approaches to address specific clinical problems. All
contributions are motivated by research questions derived from real-world case
studies. In addition, they are closely linked to various types of observational lon-
gitudinal data sources used, including disease registries, administrative health
databases, electronic health records, and population-based studies.
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Sommario

Il processo decisionale nelle malattie croniche comprende un’ampia gamma di
questioni relative alla prevenzione e al trattamento che i decisori in quest’ambito,
a tutti i livelli, devono affrontare costantemente. Nel frattempo, le malattie non
trasmissibili rimangono la principale causa di mortalita, morbilita e onere eco-
nomico a livello mondiale. La dimensione temporale é di fondamentale impor-
tanza nelle malattie croniche, in quanto queste influenzano le vite degli individui
affetti per un lungo periodo di tempo. Durante questo periodo, alcune decisioni
terapeutiche devono essere rivalutate in base al cambiamento della situazione
individuale. Un’ulteriore considerazione che rende la gestione delle malattie
croniche un’area cosi impegnativa € I’incertezza associata all’evoluzione della
malattia e all’impatto delle decisioni mediche sull’individuo, non solo a breve
ma anche a lungo termine. Il volume di dati sanitari resi disponibili dalla di-
gitalizzazione € ormai una realta. Uno dei cambiamenti piu significativi € la
granularita dei dati, ovvero il livello di dettaglio fornito sul singolo paziente. Cio
e vero sia in termini di eterogeneita delle informazioni, con I’integrazione di di-
verse fonti di dati, sia in termini di profondita temporale con cui i dati vengono
raccolti. Tuttavia, attualmente assistiamo anche a un grande paradosso: da un
lato, la quantita di dati su ogni individuo é in aumento, ma dall’altro 1’uso di
questi dati per scopi in ambito medico & ancora minimo. Spesso I’informazione
longitudinale nelle decisioni viene tenuta in considerazione solo da un punto di
vista qualitativo, con valutazioni a volte molto soggettive. Da un punto di vista
metodologico, cio é probabilmente dovuto alle difficolta nell’affrontare i proble-
mi del mondo reale legati al processo decisionale con una prospettiva che tiene
conto dell’intero decorso di vita. L obiettivo principale di questa Tesi € inserire i
dati osservazionali in un quadro analitico per affrontare problemi specifici legati
alla natura dinamica del processo decisionale nelle malattie croniche. Il ricono-
scimento che la medicina personalizzata nelle malattie croniche passi attraverso
la creazione di nuovi sistemi di supporto alle decisioni che possano aiutare i de-
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cisori sanitari a sintetizzare ed elaborare le informazioni disponibili é stato il
concetto guida di tutti i contributi presentati in questa Tesi. Pertanto, la ricerca
presentata in questa tesi & dedicata allo sviluppo di un framework statistico che
si muove in tre direzioni: i) sfruttare le informazioni passate sui biomarcatori
e sul trattamento per aggiornare dinamicamente il rischio di eventi avversi nel
tempo; ii) consentire la stima degli effetti del trattamento in contesti non speri-
mentali, tenendo conto delle sfide poste dalla dimensione temporale; iii) eseguire
analisi di scenario per valutare le conseguenze di un intervento nel lungo pe-
riodo. A tal fine, metodi dalla letteratura sull’inferenza causale, I’analisi della
sopravvivenza, I’analisi dei dati a misure ripetute, I’analisi dei dati funzionali, la
farmacoepidemiologia e I’economia sanitaria sono stati combinati per produrre
nuovi approcci statistici che affrontino specifici problemi clinici. Tutti i contri-
buti presentati in questa tesi sono ampiamente motivati da specifiche domande
di ricerca derivate da casi di studio del mondo reale. Inoltre, sono strettamente
legati a vari tipi di fonti di dati longitudinali osservazionali utilizzati nel corso
della Tesi, tra cui registri di malattia, database sanitari amministrativi, cartelle
cliniche elettroniche e studi di popolazione.

v



Contents

[Introductionl

I Background]

[ Non-communicable diseases and motivating examples|

[2 Longitudinal real-world datal

II__RISK ASSESSMENT
[ntroduction]

[3 Monitoring of single biomarker over time|

[3.4 Simulationstudy| . . .. ... .. oo oo
3.5 Application| . . . . . ...
[3.5.1 Descriptive statistics| . . . . . . . . .. ... ...
[3.5.2 Longitudinal potassium trajectories| . . . . . . . ... ...
[3.5.3 Dynamic survivalmodels| . . . . ... ... ... .....
[3.5.4 Model comparison|. . . . . . ... ...

11
13
23



Contents

[3.9.0 Dynamic predictions
13.6 Discussion and conclusions

4 Monitoring of multiple biomarkers and treatmentjuse
4.1 Introductionh
4.2 Motivating problem
4.3 Methaod

4.4 Results
4.4.1 Study design
4.4.2 Descriptive statistics

4.4.4 SDE models
4.4.5 Landmark models
4.4.6 Landmark model comparison
4.0 Discussion and conclusions

[M_TREATMENT EFFECTS |
[nfroduction

5 Treatment effect phenotyping

(0.2 Motivating problem
[5.3 Study design and target trial protdcol
5.4 Method
5.4.1 Notation and formal framework
5.4.2 Estimation of functional CATEs
5.4.3 Treatment effect phenotypes over time
5.5 Simulation study
5.5.1 Design
5.5.2 Results
5.6 Application
5.6.1 Descriptive statistics
5.6.2 Controlling for confounding
5.6.3 Results
5.7 Discussion and conclusions

6 Time-varying treatment

\

e e me



Contents

6.1 Introduction . . . . . . .. .. ... ... 103
6.2 Motivatingproblem . . . . . ... ... ... oo 104
6.3 Study design and target trial protocol . . . . .. ... ... ... 105
6.4 Methods . . . . . . . . . . . . . . 105
6.4.1 Notation . . .. .. .. ... .. ... .. ... ..., 105
6.4.2 Observationscheme . .. .. .. ... ... ........ 106

6.4.3 Estimand of interest and measure of effect for recurrent events 107
6.4.4 Estimand of interest and measure of effect for the terminal

event . . . . .. L 107
6.4.5 Treatment effect de nition and interpretation . . . . . . .. 108
6.4.6 Marginal structural models for recurrent events and a termi-
nalevent . . . . .. ... ... 108
6.4.7 Model for the Inverse Probability of Treatment Weights . . 109
6.5 Results . ... .. ... ... .. .. . 112
6.5.1 Descriptive statistics . . . . . .. ... ... .. .. ..., 112
6.5.2 Weightsdiagnostics . . . . ... .. ... ......... 114
6.5.3 Treatmenteffectestimates . . . . . .. .. ... ...... 115
6.6 Discussionandconclusions. . . . .. .. .. ... ........ 118
IV SCENARIO ANALYSIS 121
Introduction 123
7 Personalized optimal timing for a treatment 131
7.1 Introduction . . . . . . .. ... 131
7.2 Motivatingproblem . . . . . .. ... L o 132
7.3 Study design and target trial protocol . . . . . ... ... .. .. 133
7.4 Methods . . . . . . . . e 133
7.4.1 Notation and estimand of interest . . . . . ... ... ... 133
7.4.2 Disease modeland IPTW . . ... ... .......... 135
7.4.3 Decisionmodel . ... ... ... ... L, 136
75 Results . ... .. . . .. 137
7.5.1 Descriptive statistics . . . . . . . . ... ... 137
7.5.2 Diseasemodel . . . .. ... ... ... ... ... ..., 138
7.5.3 Microsimulation and identi cation of the optimal timings . 143
7.6 Discussionandconclusions. . . . .. ... ... ... ... ... 146
8 Cost-effectiveness of a treatment 149
8.1 Introduction . . . . . . .. ... 149
8.2 Motivatingproblem . . . . ... ... . L L 150
8.3 Study design and target trial protocol . . . . .. ... ... ... 151

Vi



Contents

8.4 Methods . . . . . . . . . . . . .. 153
8.4.1 Notation and estimand of interest . . . . .. .. ... ... 153
8.4.2 Non-model based approach . . . ... ... ........ 154
8.4.3 Model-based approach. . . . . ... ... .. ....... 155
8.4.4 Sensitivity Analyses . . . . . ... ... ... L. 158
85 Results . . .. ... . .. ... 158
8.5.1 Descriptive statisticsand IPTW . . . . . ... ... .. .. 158
8.5.2 Diseaseandcostmodel . . ... ... ... ........ 160
8.5.3 Microsimulation and cost-effectiveness results . . . . . . . 161
8.5.4 Sensitivityanalyses . . . . ... ... .. oL 167
8.6 Discussionandconclusions. . . . .. .. .. ... ........ 168
9 Personalized life-term impact of a disease 171
9.1 Introduction . . . . . . . . ... 171
9.2 Motivatingproblem . . . . . . ... Lo 173
93 Methods . . . . . . . . . . .. . 173
9.3.1 Notation and estimands of interest . . . . ... ... ... 173
9.3.2 Estimation . . . . . . . . ... .. e 175
94 Results . . .. ... . .. .. e 175
9.4.1 Study cohort and variable de nitions . . . . ... .. ... 175
9.4.2 Descriptive statistics . . . . . . ... ... oL 177
9.4.3 Multi-state modelresults . . . ... ... ... ...... 177
9.4.4 LYLandPAF . . . .. . ... .. ... 180
9.5 Discussionandconclusions. . . . .. .. .. ... ........ 182
Conclusions 185
Bibliography 191
Suppl. Material to Chapter 3 209
Suppl. Material to Chapter 4 211
Suppl. Material to Chapter 6 213
Suppl. Material to Chapter 7 215
221

Suppl. Material to Chapter 8

VIl



Introduction

Decision making in chronic illnesses

All decision problems in chronic illness can be divided into those related to the
prevention of chronic diseases and those related to their treatment (Figure 1).
Health policymakers at all levels have a duty to plan and implement preventive
policies as well as screening campaigns to reduce the number of people affected
by non-communicable diseases and to speed up the diagnosis as much as possi-
ble. When the decisions of policy-makers relate to people who have the disease,
they are concerned — at least in governments where there is a public health system
— with the organization of health care and which drug to reimburse. Clinicians,
which include individual medical doctors, the expert community, and the agen-
cies, on the other hand, face also many types of decisions. If the person under
their care has not yet been diagnosed with a disease, they need to make recom-
mendations on how to preventillness and what diagnostic tests or additional visits
to prescribe if there are signs or suspicion of a possible underlying disease. The
importance of recommendations to patients is becoming increasingly clear, and it
is no coincidence that they are an integral part of international clinical guidelines.
For example, the latest clinical guidelines on cardiovascular risk [204] devote
considerable space to recommendations on lifestyle changes such as diet and ex-
ercise. When it comes to treatment, there is clearly the need to choose which
treatment is suitable for a patient, i.e. when and how a treatment should be pre-
scribed. In fact, as the number of treatment options increases, the management of
the choice between different drugs, their sequence, and timing becomes increas-
ingly dif cult. Finally, individual decisions play a fundamental role in health,
both in the prevention and in the treatment of diseases. None of the decisions
made by policymakers or physicians can affect an individual unless they choose
to follow the recommendations, attend the screening tests, go to the check-ups,
and follow the treatments as prescribed.
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Introduction

Figure 1: Decision-making in chronic illnesses.

All this vast realm of multifaceted and heterogeneous decision problems have in
common that they must be made in the face of a great deal of uncertainty. Rea-
soned decisions in this context require much more than personal assessments and,
on the contrary, should be based on an explicit analytic scienti c-based process in
order to be transparent and fair to all who are involved [142]. This has also been
the driving concept of developing clinical medical guidelines and evidence-based
medicine in general. As scienti ¢ progress continues, all the decision problems
mentioned above remain the objective of medical and methodological research
contributing to evidence-based medicine. It is precisely in the provision of an
answer to some of these decision-making problems from this standpoint that lies
the main methodological contribution of this Thesis.
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Rationale of the Thesis

According to the statistician Leonard Savage, individuals make rational decisions
by maximising their expected utility, which is the sum of the utility of each possi-
ble outcome multiplied by the probability of that outcome occurring [174]. In his
theory, a set oActsis rst de ned along with a set of mutually exclusiv&tates of

the World EachActandStateleads to a different set @onsequence#fssessing
which is theOptimal Actinvolves assessing the probability of e&tiate but also

de ning a Utility which represents the decision maker's preferences or how they
value differentConsequences

We take Savage's theory as a way of formally framing decision-making in chronic

illness, as it provides a starting point for introducing the key aspects of the ratio-
nale that drove the development of this Thesis. According to this reasoning, in
the following, we revise Savage's theory in the context of chronic illness starting

with the steps the decision-makers need to go through to take action for an indi-
vidual or a population (Figure 2).

Figure 2: Summary of the pipeline for the decision-making process in chronic illnesses.

The rst phase of decision-making which consists of collecting the relevant infor-
mation, in Savage's theory was based on the assumption that the decision-maker
had the so-calle@ompleteness of Informatiem make an assessment of the prob-
ability of the outcomes. This may have been the case in the context of lotteries,
where this theory was born. However, clearly in medical decision-making we
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are very far from being in &omplete Informatiorscenario. This is due to the
following reasons:

 Scienti ¢ gaps: in medicine and life sciences, there is still a lot we don't
know about the biological mechanisms of physiology and diseases, and al-
though scienti ¢ progress continues to be made, uhknownstill plays a
fundamental role in chronic diseases.

» Data availability: while it is true that we generate and store huge amounts
of data, it is not a given that this data is democratically available for research
purposes. Incompleteness of data in clinical studies is still a major problem,
especially when it comes to non-medical information, even though it has
been established that socioeconomic, lifestyle, and environmental factors
have a dramatic impact on the well-being and health of individuals.

* Information extraction : does not automatically become information unless
it is analysed. It is essential to make the best use of the data available to
extract information that can contribute to decision-making. In this sense, the
more granularity and richness we achieve in the data, the more challenging
it becomes to provide a statistical method that re ects this complexity.

* Translation: the output of statistical models is often not much more useful
to decision-makers than raw data. The richer and more exible a statistical
method, the more important it becomes to translate its output into an inter-
pretable and useful tool for decision-makers. If this last step is not taken, the
process of making information available for medical decision-making will
be interrupted and lost.

The second and third phases consist of de ning which are the possible alternative
options, (i.e.Actg and considering what are the possiklatcomes However,

an important challenge in the context of non-communicable diseases is that both
information and outcomes are intrinsically linked to time. As the probability of
the outcome of interest mutates over time, the time frame in which to make the
decision becomes a very relevant issue. This aspect is further emphasized by the
fact that an individual's situation is not static, so decisions need to be reassessed
and updated as new information becomes available. These aspects lead to the
fact that in this context anptimal choican absolute terms does not exist, but it

is coupled to the time it has taken place and the time horizon of interest of the
decision under study. The de nition of the relevant outcomes in chronic iliness it-
self is not straightforward. Whereas most of the clinical studies consider a single
type of outcome, e.g. time-to-death, when the long-term effect of a decision is of
interest, a multifacete@utcomemay be more useful. Speci cally, the relevant
events that can happen over the life trajectory of an individual may be considered

4
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together a®©utcome This approach allows us to take into consideration that the
consequences of a choice can not be all favorable or all adverse. In these cases,
a compromise needs to be made, typically taking into account that they have dif-
ferentprobabilitiesand importance i.eutility values

Indeed, choosing a function that assigns a value of gain or loss to each outcome
may involve some nontrivial aspects, unless we are considering being dead or
alive as possible outcomes. In this case, a reward of one for each day we spend
alive and a reward of zero from the moment of death is considered. However, it
can be much more complicated for less extreme outcomes, such as emesis as an
adverse event of a drug. Depending on whether the decision maker is a clinician
or the individual taking the treatment, the relative value of an event such as re-
current episodes of emesis can be very different and is also likely to vary from
person to person.

Finally, the main source of uncertainty in the decision-making process comes
from the fact that we have a probability associated with the outcomes. Since this
probability law is usually unknown, statistics comes into the picture in the fth
phase of the decision-making process as the discipline responsible for providing
a model for this probability law and inferring its parameters from the available
data. Importantly, this is now based on the shift that medical research has un-
dergone in recognizing the importance of personalizing medical decisions. This
translates into the need to consider appropriate statistical methods to comply with
the paradigm of personalized medicine [47].

Only, if we are able to accomplish all these phases, taking into account the men-
tioned complexities, we can complete the nal phase which consists of calculat-
ing the expected utility and identifying the option that maximizes it. Providing an
appropriate statistical framework is the key to bringing all the above components
together and, consequently, to chronic disease research.

In this setting, various sources of longitudinal observational data have emerged
in the last decade as important data streams for chronic disease research. Indeed,
such data is leading to the formulation of new research questions in which ran-
domized controlled trials are not feasible for ethical or practical reasons. How-
ever, due to the lack of an experimental setting, their use is contingent on the
application of a formal causal inference framework spanning from rigorous study
design and speci ¢ analytical methods.

The recognition that the vast informational resources contained in longitudinal
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real-world data can be systematically used to support decisions in clinical prac-
tice through quantitative healthcare research is not new. However, we are still
at the beginning of the process of integrating into the healthcare system the next
generation of real-world evidence [187].

This Thesis contributes to extending previous research through a dynamic
and lifetime decision-oriented approach, accounting for all the aforemen-
tioned complexities and aiding the implementation of a novel evidence-
based analytical paradigm for decision-making in chronic iliness. To this
end, we combine methods from the literature on causal inference, survival
analysis, repeated measures, functional data analysis, pharmacoepidemiol-
ogy, and health economics to produce novel statistical approaches to ad-
dress speci c clinical problems and research questions.

Outline of the Thesis

Chapter 1 provides an introduction to chronic illnesses along with the case stud-
ies that inspired the contributions presented in the following chapters. It is note-
worthy that these contributions were largely motivated and closely connected to
speci ¢ research questions derived from these real case studies. This focused
approach, driven by clinical applications, enabled the design of decision support
systems with practical applicability. However, it is essential to highlight that all
the novel methodologies proposed in this Thesis can be transferable to address
different diseases and research objectives.

Chapter 2 describes the characteristics and the various types of longitudinal real-
world data, along with the data sources utilized throughout the Thesis.

The contributions of this work of Thesis have been organized so that they mimic
the steps and challenges of the process of decision-making, as revisited in the con-
text of chronic ilinesses in the previous section. Each part of the Thesis starts with
an introductory chapter stating the aims and rationale for what follows, together
with an introduction to the statistical methods that form the essential toolkit re-
quired to address the subsequent topics. In particular:

Part [I-Risk Assessmern$ dedicated to addressing thecompleteness of
Information Problemby developing dynamic risk-assessment tools that allow
the exploitation of information contained in an individual's past data regarding
biomarkers and treatment use while assessing their role in relation to adverse
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outcomes over time. The clinical application motivating this part of the Thesis

concerns patients affected by heart failure and the monitoring biomarkers, with
a particular focus on potassium and the use of Mineralokortikoid Receptor An-
tagonist (MRA). The data have been provided by Trieste Observatory of Cardio-
vascular Diseases, which links the Friuli Venezia Giulia Regional Administrative

Health Database with the cardiological E-charts. Within this part, two chapters
are present:

Chapter 3 presents dynamic survival models for the derivation of tools for dy-
namic monitoring of a single biomarker with respect to a time-to-event outcome.
In addition, we propose a novel approach using wavelets and landmarking to bet-
ter understand the role of how past transient variations in the level of a biomarker
may affect the risk of adverse events, depending on the time window in which
they occurred. The content of this chapter is based upon:

» Gregorio, C., Barbati G., Scagnetto, A., Di Lenarda A., levaHaw much
of the past matters? Using dynamic survival models for the monitoring
of potassium in heart failure patients using electronic health records.
arXiv:2204.05870 (2022) [73].

Chapter 4 proposes the use of hierarchical xed effects models based on stochas-
tic differential equations to study the joint dynamics of biomarkers and treatment
use over time. We also derive a dynamic survival model for multiple biomarkers
and treatment use that can be used for risk assessment and treatment optimization.
Some preliminary results of the work, currently under drafting, are contained in:

» Gregorio, C., Franco, N.R., leva, F. (2023Dynamic models based on
stochastic differential equations for biomarkers and treatment adher-
ence in heart failure patients. Proceedings of the Statistics and Data Sci-
ence Conference, Pavia University Press, May 2023 (ISBN 978-88-6952-
170-6)

Part llI-Treatment Effectsaddresses the effect of a treatment on time-to-
event outcomes using observational data, taking into account the challenges posed
by the time-varying dimension both in the covariates and in the outcomes.

Chapter 5 provides a method to identify common treatment effect patterns over
time to characterize the dynamic response of individuals to treatment, exploring
survival neural networks and functional clustering. The case study motivating
this method is a continuation of the one considered in Part Il. It concerns the
problem of understanding in which patients with heart failure, stopping treatment
with MRAs is harmful and when, on the contrary, it may be bene cial. The data

7
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source is again the Trieste Observatory of Cardiovascular Diseases. The content
of this chapter is based upon:

» Gregorio, C., Baj, G., Barbati G., leva, Pynamic treatment effect phe-
notyping through Functional Survival Analysis. arXiv:2310.16690 (2023)
[75].

Chapter 6 presents a methodology to estimate the effect of a time-varying treat-
ment on recurrent events and a terminal event based on marginal structural mod-
els. The method is applied to a case study involving the estimation of the effect
of beta-blockers on arrhythmia recurrence and survival in arrhythmogenic right
ventricular cardiomyopathy. Data comes from the Trieste Heart Muscle Disease
Registry. The content of this chapter is based on the following publication:

» Gregorio, C., Cappelletto, C., Romani, S., Stolfo, D., Merlo, M., Barbati,
G. Using marginal structural joint models to estimate the effect of a time-
varying treatment on recurrent events and survival: An application on ar-
rhythmogenic cardiomyopathy (2022) Biometrical Journal, 2022 Dec;64(8):1374-
1388. [74]

Part IV-Scenario analysiaddresses problems related to the evaluation of
the long-term effect of an intervention using multi-state models and microsimu-
lation.

Chapter 7 proposes a framework to perform scenario analysis by estimating the
conditional expected outcome after an intervention in a multi-state setting to opti-
mize its timing in a personalized manner. The real-world application is the iden-
ti cation of the optimal timing for haematopoietic stem cell transplantation in
patients with myelodysplastic syndromes (MDS), starting from the clinical and
genomic characteristics of the patients. We employ data from an international
clinical registry managed by IRCCS Humanitas. The content of this chapter is
based upon:

» Gregorio, C., Sprea co, M., D'Amico,S, Sauta,E., Asti,G., Lanino,L., Ten-
tori C.A., Platzbecker,U., Haferlach,T., Diez-Campelo,D., Fenaux,P., Kom-
rokji, R., Della Porta,M.G., leva, FPersonalized timing for allogeneic
stem cell transplantation in haematological neoplasms: a target trial
emulation approach using multi-state modelling and microsimulation.
[submitted]

» Tentori*, C.A., Gregorio, C.*, Robin, M., Gagelmann, N., Gurnari, C.,
Ball, S., Caballero Berrocal, J.C., Lanino, L., D'Amico, S., Sprea co, M.,

8
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Maggioni, G., Travaglino, E., Sauta, E., Meggendorfer, M., Zhao, L.P,,
Bernardi, M., Di Grazia, C., Vago, L., Rivoli, G., Borin, L., Chiusolo, P.,
Giaccone, L., Voso, M.T., Bewersdorf, J.P., Nibourel, O., Diaz Beya, M.,
Jerez, A., Hernandez, F., Veldzquez Kennedy, K., Xicoy, B., Ubezio, M.,
Campagna, A., Russo, A., Todisco, G., Mannina, D., Bramanti, S., Zampini,
M., Riva, E., Bicchieri, M., Asti, G., Viviani, F., Buizza, A., Tinterri, B.,
Bacigalupo, A., Rambaldi, A., Passamonti, F., Ciceri, F., Savevski, V., San-
toro, A., Al Ali, N., Sallman, D., Sole, F., Garcia-Manero, G., Germing, U.,
Kordasti, S., Santini, V., Sanz, G., Kern, W., Kubasch, A.S., Platzbecker, U.,
Diez-Campelo, M., Maciejewski, J.P.,Ades, L., Fenaux, P., Haferlach, T.,
Zeidan, A.M., Castellani, G., Komrokji, R., leva**, F., Della Porta€lin-

ical and genomic-based Decision Support System to de ne the optimal
timing of allogeneic hematopoietic stem cell transplantation in patients
with myelodysplastic syndromes: co- rst; **co-last [submitted]

Chapter 8 shows how microsimulation-based scenario analysis can be applied
to build a framework able to generate reliable and timely evidence of the cost-
effectiveness of drug treatments. The study concerns the cost-effectiveness of
the use of PCSK9 inhibitor drugs on hyperlipidemia using the data provided by
Trieste Observatory of Cardiovascular Diseases. The content of this chapter is
based on:

» Gregorio, C,, Rea, F., leva, F., Scagnetto, A., Indennidate, C., Cappelletto,
C., Di Lenarda, A., Barbati, G-lexible approaches based on multistate
models and microsimulation to perform real-world cost-effectiveness
analyses: an application to PCSK9-Inhibitors.[submitted]

» Barbati, G.,Gregorio, C., Scagnetto, A., Indennidate, C., Cappelletto, C.,
Di Lenarda, A.Effectiveness of PCSK9 inhibitors: a Target Trial Emu-
lation framework based on Electronic Health Records[submitted]

Chapter 9 addresses the use of multi-state models and microsimulation in the
context of quantifying the life-term impact of a disease. This chapter differs from
the others as it moves the attention to population disease prevention. Speci -
cally, we consider an application on cardiovascular risk. This research, still un-
der development, was possible thanks to the National E-infrastructure for Aging
Research (NEAR) based at Karolinska Institutet, Stockholm (SE) visited for a pe-
riod as PhD student (from October 2022 to February 2023). Data from two sites
of the Swedish National Study on Age and Care have been used: Kungsholmen
(SNAC-K) and Blekinge (SNAC-B).



Introduction

In the Conclusionswe summarize the contributions, achievements, and limita-
tions of this work, and we conclude by presenting the future perspectives of this
research line as well as of the presented methods.
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Chapter

Non-communicable diseases and
motivating examples

According to the World Health Organization, Non-Communicable Diseases (NCDs)
are a group of medical conditions that are not caused by infectious agents and
cannot be transmitted from person to person [205]. Instead, they arise primar-
ily from a combination of genetic, lifestyle, and environmental factors. NCDs
are often chronic and progressive, leading to long-term health challenges for af-
fected individuals. These diseases have become a signi cant global health con-
cern, imposing a substantial burden on both individuals and societies worldwide.
NCDs represent a signi cant strain on individuals and societies at multiple lev-
els. NCDs can severely affect an individual's quality of life, causing symptoms
that may limit daily activities and overall well-being. These diseases often re-
guire long-term management and may lead to disability or premature death if not
adequately addressed. They also place substantial strain on healthcare systems
worldwide. The treatment and management of these chronic conditions neces-
sitate continuous medical attention, medications, and specialized care. This de-
mand can overwhelm healthcare facilities and increase healthcare costs resulting
in a substantial economic impact on individuals, families, and societies. They can
lead to increased healthcare expenditures, reduced workforce productivity due to
disability or premature death, and diminished overall economic output. NCDs
have emerged as a major global health challenge, affecting both high-income
and low- and middle-income countries. Their rising prevalence places additional
pressure on healthcare resources and exacerbates health inequalities.

Addressing the burden of NCDs requires a comprehensive and integrated ap-
proach that involves multiple stakeholders, including governments, healthcare
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Chapter 1. Non-communicable diseases and motivating examples

systems, communities, and individuals. The WHO Global NCD action plan
2013-2020 [207] builds upon the pledges made by Heads of State and Govern-
ment in the United Nations Political Declaration on the Prevention and Control of
NCDs (resolution A/RES/66/2). It acknowledges that governments bear the pri-
mary role and responsibility in addressing NCDs and emphasizes the signi cance
of international collaboration to bolster domestic initiatives. In the following, we
cite the objectives of the Plan as stated:

1. "Toraise the priority accorded to the prevention and control of non-communi
cable diseases in global, regional and national agendas and internationally
agreed development goals, through strengthened international cooperation
and advocacy."

2. "To strengthen national capacity, leadership, governance, multi-sectoral ac-
tion and partnerships to accelerate country response for the prevention and
control of non-communicable diseases."

3. "To reduce modi able risk factors for non-communicable diseases and un-
derlying social determinants through the creation of health-promoting envi-
ronments."

4. "To strengthen and orient health systems to address the prevention and con-
trol of non-communicable diseases and the underlying social determinants
through people-centred primary healthcare and universal health coverage.”

5. "To promote and support national capacity for high-quality research and
development for the prevention and control of non-communicable diseases.”

6. "To monitor the trends and determinants of non-communicable diseases and
evaluate progress in their prevention and control."

Among the so-called "global targets”, the Plan mentions the 25% relative reduc-
tion in the risk of premature mortality and 50% of eligible people receive drug
therapy and counselling to prevent heart attacks and strokes. According to the
Sustainable Development Goals, the reduction in premature mortality should ar-
rive at 30%.

According to the 2023 World Health Statistics, the major causes of death in NCDs
remain cardiovascular disease (17.9 million, 95% CI 13.4-22.9 million), cancer
(9.3 million, 95% CI: 6.9-12.2 million), chronic respiratory disease (4.1 million,
95% CI: 2.9-5.6 million) and diabetes (2.0 million, 95% CI: 1.4-2.7 million).
Modi able behavioural risk factors include harmful use of alcohol, tobacco use,
physical inactivity and an unhealthy diet. Metabolic risk factors include raised
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blood pressure, overweight and obesity, hyperglycaemia, and hyperlipidaemia
(high values of fat in the blood). Premature deaths are decreasing, but if the
average annual rate of reduction in premature mortality of the major NCDs con-
tinues, the Sustainable Development Goals target of one-third reduction will not
be achieved. Besides premature death, it is important to consider that the world's
population aged 65 or above continues to grow (from 10% in 2022 to 16% in

2050) [7].

Atherosclerotic cardiovascular disease

De nition, diagnosis and, clinical presentation

The likelihood or probability of an individual developing atherosclerotic cardio-
vascular disease (ASCVD) over a speci ¢ period is denoted as cardiovascular
risk. ASCVD include Coronary Heart Disease (CHD), such as myocardial in-
farction, angina, and coronary artery stenosis; cerebrovascular diseases, such as a
transient ischaemic attack, ischaemic stroke, and carotid artery stenosis; Periph-
eral Artery Disease (PAD), such as claudication; aortic atherosclerotic diseases,
such as abdominal aortic aneurysm and descending thoracic aneurysm. When
non-fatal, ASCVD constitutes a severe and long-term chronic condition, and it
can lead to ischaemic heart failure, which constitutes the most advanced clinical
manifestation of atherosclerosis within the myocardium.

Aetiology

Several modi able factors contribute to an individual's cardiovascular risk, in-
cluding smoking, high blood pressure (hypertension), high cholesterol levels,
diabetes, and obesity. In addition, although not included in the calculation of
the risk, the European guidelines mention psychosocial factors, ethnicity, infor-
mation from imaging, frailty, family history, genetics, socioeconomic determi-
nants, environmental exposure, biomarkers, and body composition as potential
risk modi ers that need to be the target of future research. In addition, many clin-
ical conditions are associated with a higher cardiovascular risk. Among them,
Chronic Kidney Disease (CKD), Atrial Fibrillation (AF) and cancer are the ones
that should be always considered. As a result, the number of patients with mul-
tiple comorbidities is rapidly increasing. Special care should be placed on the
choice of treatments in multimorbid patients, as the treatment of one condition
might worsen another coexisting condition which may suggest the need for a
paradigm shift from disease-focused to patient-centred care in multimorbid car-
diovascular diseases.
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Prevention and treatment

The 2021 European medical guidelines for cardiovascular disease prevention in
clinical practice [204] by the European Society of Cardiology (ESC) has stressed
the importance of estimating the individual cardiovascular risk in order to iden-
tify who will bene t most from ASCVD risk factor treatment. Speci cally, the
Systematic COronary Risk Evaluation 2 (SCOREZ2) [37, 38] has been proposed
to classify subjects into different 10-year risk categories. Currently, this score is
based on country, age, sex, smoking status, blood pressure, and total cholesterol
levels. Given the individual's speci c situation, either lifestyle modi cations,
such as adopting a healthy diet and regular physical activity, or medications can
be introduced to improve overall cardiovascular health. In particular, in the latest
ESC guidelines, the importance of pharmacological treatment of hypertension,
and cholesterol is stressed, as well as the correct management of diabetes. Smok-
ing cessation is identi ed as the most cost-effective method to reduce cardiovas-
cular risk [204].

Epidemiology

According to the 2000-2019 estimates of the World Health Organization, is-
chaemic heart disease is the rst cause of death worldwide, and it is responsible
for 16% of total deaths. In addition, in Europe and the USA, it is also the one
responsible for the lowest cause-speci ¢ disability-adjusted life years.

Cardiomyopathies

De nition, diagnosis and, clinical presentation

Cardiomyopathies are myocardial diseases in which the cardiac muscle is func-
tionally and structurally abnormal, without factors such as hypertension, coronary
artery disease, valvular heart disease, and congenital heart diseases explaining
the anomaly. They are divided into ve phenotypes: restrictive cardiomyopa-
thy, dilated cardiomyopathy, hypertrophic cardiomyopathy, arrhythmogenic right
ventricular cardiomyopathy, and unclassi ed cardiomyopathies. Arrhythmogenic
right ventricular cardiomyopathy (ARVC) is a disease rst described in 1982 by
Marcus et al. [127]. Itis characterized by ventricular tachycardia and ventricular
brillation, enlargement of the right ventricle, and partial or complete replace-
ment of cardiac muscle tissue with bro-fatty tissue. Although the pathology
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primarily involves the right ventricle, it has been observed that the left ventricle
can also be affected. This often occurs in the late stages of the disease, when
the arrhythmic phenotype is accompanied by heart failure. The clinical manifes-
tations vary depending on the patient's age and the stage of the disease. ARVC
is a pathology characterized by ventricular electrical abnormalities, speci cally
ventricular arrhythmias. Sustained ventricular tachycardia (VT) and ventricular
brillation (VF), which can lead to cardiac arrest, can result in death. This is
known as sudden cardiac death (SCD). If medical intervention prevents this out-
come, itis referred to as aborted SCD. SCD can occur as the initial manifestation
of the disease [24, 49]. The diagnosis is based on the presence of major and mi-
nor criteria de ned in 1994 and later revised in 2010 by a task force of experts
[129].

Aetiology

Similarly to other cardiomyopathies, the primary aetiology of ARVC is genetic,
as it is an inherited cardiac disease whose genetics have been now studied for
many years [69, 115].

Prevention and treatment

The treatment options for this condition include, depending on the expression
of the disease, lifestyle modi cations, pharmacological therapy, catheter abla-
tion, implantation of an Implantable Cardiac De brillator (ICD), and, in cases

of end-stage heart failure or uncontrollable ventricular tachyarrhythmias, heart
transplantation [193]. Lifestyle modi cations primarily involve withdrawal from
competitive sports and moderation of physical activity. There is a strong associ-
ation between SCD and intense exertion in young individuals with ARVC [42].
Pharmacological therapy encompasses various classes of cardiovascular medica-
tions due to the multiple mechanisms involved in ARVC. Antiarrhythmic drugs,
beta-blockers, and heart failure medications are commonly used. Antiarrhythmic
drugs aim to improve the quality of life by preventing symptomatic ventricular
arrhythmias [44]. Catheter ablation is a moderately invasive procedure in which
a catheter is inserted into a vein to access the heart [148]. It is used to identify
and destroy the scarred tissue responsible for arrhythmias. In selected patients,
ICD implantation is performed as sustained ventricular tachycardia/ventricular
brillation can recur despite medical therapy and catheter ablation [43]. The ICD
allows for prompt intervention during cardiac arrest, reducing the mortality rate
associated with SCD. The decision to implant an ICD is based on individual risk
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strati cation. However, ICD implantation carries risks, and inappropriate inter-
ventions can occur due to other types of tachycardia or device malfunction.

Epidemiology

The onset of the disease is typically between the ages of thirty and fty, and the
prevalence of the disease in the general population is relatively low, ranging from
1:2500 to 1:5000 [21].

Heart failure

De nition, diagnosis and, clinical presentation

Heart failure is a complex medical condition that occurs when the heart is unable
to Il with or eject blood effectively to meet the body's demands [148]. Manifes-
tations of heart failure include, in various combinations, circulatory congestion,
dyspnoea, fatigue, and weakness. The severity of the symptoms is commonly de-
scribed according to criteria developed by the New York Heart Association [12].
Diagnosis requires the presentation of symptoms, objective evidence of cardiac
dysfunction, consideration of the past medical history of the patients, and speci c
diagnostics tests such as electrocardiography and electrocardiogram [132]. Ac-
cording to the 2021 European Guidelines for the diagnosis and treatment of acute
and chronic heart failure [132], heart failure patients are classi ed into three cat-
egories based on the Left Ventricular Ejection Fraction (LVEF) which measures
the ratio between the systolic volume, i.e. of blood leaving out, and the teledi-
astolic volume, i.e. of blood entering, the left ventricle of the heart. The three
categories are:

* HFrEF: LVEF <40%, patients with a signi cant reduction in LV systolic
function

 HFmMrEF: LVEF between 41% and 49%, patients with mildly reduced LV
systolic function

» HFpEF: patients with symptoms and signs of HF, with evidence of structural
and/or functional cardiac abnormalities and/or raised natriuretic peptides,
and with LVEF  50%.

Aetiology

Heart Failure is a consequence of various heart diseases. The most frequent are
ASCVD and cardiomyopathies while congenital, valvular, and hypertensive heart
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disease are less common causes.

Prevention and treatment

Heart failure is a chronic condition that requires ongoing management. Early di-
agnosis and treatment are essential to prevent further deterioration and improve
the patient's quality of life. The cornerstone of treatments includes pharmacolog-
ical therapies which in some cases may be integrated with the support of devices,
and, in severe cases, heart transplantation. Pharmacological treatment depends
on the severity of LV systolic function as well as other underlying conditions and
involves various medications. Commonly prescribed medications include:

» Angiotensin-converting enzyme (ACE) inhibitors or Angiotensin Il re-
ceptor blockers (ARBs) they help relax blood vessels, reduce blood pres-
sure, and lessen the workload on the heart.

» Beta-blockers they slow down the heart rate, decrease blood pressure, and
improve the heart's pumping ability.

* Diuretics: they are also known as water pills, and they help eliminate excess
uid from the body, reducing swelling and relieving shortness of breath.

» Mineralocorticoid Receptor Antagonists (MRAS). these medications help
regulate salt and uid balance.

* Digoxin: it strengthens the heart's contractions and helps control heart rate.

Devices used for the management of Heart Failure include ICD, Cardiac Resyn-
chronization Therapy (CRT) devices and Ventricular Assist Devices (VAD). CRT
devices help synchronize the heart's chambers' contractions and improve pump-
ing ef ciency, while VAD are mechanical pumps which can be implanted to assist
the heart in pumping blood, often used as a bridge to heart transplantation.

Epidemiology

Interestingly, although the age-adjusted incidence of heart failure seems to be de-
creasing, due to ageing, the overall incidence is experiencing an opposite trend
[39, 60, 163, 175]. Regardless of improvement in mortality rate, the prognosis
remains poor, and quality of life is also signi cantly reduced in patients affected
[132]. Due to population growth, ageing, and the increasing prevalence of comor-
bidities, the absolute number of hospital admissions for heart failure is expected
to increase by as much as 50% in the next 25 years [10, 175]. For this reason, it
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is essential to invest in the prevention of heart failure, which essentially consists
of preventing and optimizing the treatment of the triggering diseases [79].

Myelodysplastic Syndromes

De nition, diagnosis and, clinical presentation

Haematological neoplasms are a heterogeneous group of diseases characterized
by in Itration of the blood, bone marrow, and other tissues by neoplastic cells

of the hematopoietic system [148]. Myelodysplastic Syndromes (MDS) rep-
resent a group of rare haematological neoplasms characterized by ineffective
hematopoiesis and a risk of progression to acute myeloid leukaemia (AML) [190].
MDS mainly affects elderly individuals and is often associated with cytopenias,
which result in anaemia, thrombocytopenia, and neutropenia. Diagnosis is gener-
ally suspected based on the presence of cytopenia [66] but it requires morpholog-
ical examination of blood and bone marrow cells including cytogenetic analysis
[26]. MDS are classi ed according to the WHO criteria, as revised in 2008 [190].

Aetiology

The aetiology of MDS is multifactorial, with both genetic and environmental fac-
tors playing a role, even though most myelodysplastic syndromes have no known
cause [18]. Exposure to ionizing radiation, chemicals, and certain chemothera-
peutic agents has also been linked to the development of MDS [109].

Prevention and treatment

Since MDS has a long natural history ranging from little symptoms to acute
myeloid leukaemia (AML), treatment timing is not trivial and a risk-adapted
treatment strategy is crucial [26, 32]. The clinical decision-making process in
MDS relies on clinical parameters and biomarkers, which are synthesized in the
revised International Prognostic Scoring System (IPSS-R) [72]. In addition, it
has been recently re ned and complemented by the molecular IPSS (IPSS-M)
introducing genomic features which are closer to the disease biology and should
better capture clinical-pathological entities [23, 173]. Allogeneic Hematopoietic
Stem Cell Transplantation (HSCT) is the only potentially curative treatment for
patients with MDS [122]. However, it carries a signi cant risk of failure due to
toxicity and disease relapse. Both pre-and post-HSCT survival depends on the
timing of the procedure and patient-speci ¢ characteristics. Therefore, tailoring
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the timing of HSCT to eligible patients becomes essential for optimizing the pro-
cedure's effectiveness and clinical outcome [54, 55].

Epidemiology

Approximately 25,000 new subjects are diagnosed in Europe each year [122].
Similarly to other diseases involving the elderly, the number of MDS patients is

going to increase in the next decades, suggesting that MDS will become among
the most challenging concerns for haematologists and healthcare providers [122].
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Chapter

Longitudinal real-world data

Longitudinal real-world data is a very broad term that covers a variety of data
sources. The purpose of this chapter is to provide a concise overview of the key
attributes of longitudinal real-world data, categorized by their types, and to out-
line the peculiarities of the data employed in this Thesis. Real-world longitudinal
data record the health and non-health characteristics and events of individuals
over an observation period of their lives. Depending on the case, the data may
be collected either primarily for research or as a by-product of clinical care. In
the latter case, it is referred to ascondary dat§22, 28, 176]. We believe that

all the examples of either primary or secondary data reported in the following are
high-quality and virtuous cases of longitudinal observational data available for
chronic disease research. The main reason for this is that each of them has some
of the ideal qualities of datasets for current and future research in this context:

* being extremelygranular anddeepwith respect to the time dimension;
* being the result ohetworkingbetween different institutions and countries;

« allowing linkage between different data sources increasing the richness of
information.

Speci cally, in the following sections, we distinguish between disease registry
data, population-based studies, administrative health databases, and electronic
health records.
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Chapter 2. Longitudinal real-world data

Disease registry data

In general, clinical research registries are a systematic collection of data with a
clearly stated purpose and target data collection [28]. They are often de ned by
speci ¢ diseases or conditions or exposures (e.g. drugs, environmental condi-
tions) [98]. In this Thesis, we will focus alisease registriesvhich are typically

used to research diseases with relatively low prevalence. In this context, network-
ing between different research centres within the same country or across different
countries is key to increasing the sample size of clinical studies that can be con-
ducted using this type of data. Although the information is typically extracted
from electronic health records, it is considered retrospective primary data. Dis-
ease registries can be quite expensive and time-consuming to maintain, and they
also require maintaining contact with participants over a long period.

Trieste Heart Muscle Disease Registry

As a tertiary centre in the northern part of Italy for cardiomyopathies, in 1978
the Department of Cardiology of Trieste established a clinical disease registry
enrolling patients diagnosed with different types of cardiomyopathies to study
the disease's natural history and improve their clinical management. Over the
years, it has been used in extensive clinical research in single as well as multiple-
centre longitudinal studies. Since the importance of genetics has been unravelled
in these diseases, in addition to clinical, instrumental variables and outcomes,
the registry has been enriched with information coming from genetic testing of
affected subjects as well as relatives. The latter allows the study of phenotypic
expression and risk strati cation of genetic variants related to this disease. In
addition, the registry is characterized by the granularity of the information at the
time of diagnosis, as well as regular follow-ups, which can span over decades of
subjects’ lives.

International registry of myelodysplastic sindromes

The international registry of myelodysplastic syndromes used in this Thesis was
the result of the effort of two European consortiums: GenoMed4All [1] and
Synthema [5], with the support of EuroBloodNET, the European Reference Net-
work on rare haematological diseases and of International Consortium on MDS
(icMDS). Subjects with a diagnosis of primary MDS according to WHO 2016
criteria were included across 26 institutions from Europe as well as from the
United States. This registry contains detailed clinical, biomarker, and genetic in-
formation at the disease diagnosis as well as longitudinal information regarding
treatments and relevant outcomes.

24



Population-based studies

Population-based studies collect data for research purposes by enrolling subjects
from the general population and following them over time, i.e. prospectively
[191]. However, retrospective information can also be combined, for example by
asking people to recall past events. Importantly, in this type of study, subjects
are enrolled based on random sampling from a speci ¢ population, typically de-
ned by year of birth and place of residence. These studies include data collected
mostlyad hocthrough interviews and possibly health-related assessments. How-
ever, this information may also be linked to secondary data. Similar to registries,
although they have the advantage of clinically detailed individual information,
they are expensive and very time-consuming to maintain. On the other hand, be-
cause they are typically designed to answer a variety of research questions, they
have the unique advantage of collecting very heterogeneous information from
different health and non-health domains, some of which are rarely collected in
clinical practice. As a result, these studies are extremely valuable for measuring
different types of exposures in real-life contexts.

Swedish National Study on Ageing and Care

The SNAC study, Swedish National Study on Ageing and Care (SNAC), was
launched in 2000 on the Swedish government's initiative as part of the national
action plan for elderly policy (Bill 1997/98:113).

The aim of the study iSto create the conditions for research and analysis of
various issues relating to ageing, the emergence of care needs among the elderly,
and how these needs are best met, by building up longitudinal area databases in
the eld of the elderly'[4].

It is an ongoing population-based cohort study that includes a random sample of
older adults aged 60 years from four regions in Sweden (Figure 2.1): the Skane
region, which includes the municipalities of Malm6, Osby, Ystad, Eslév and
Hassleholm; the Blekinge region with the municipality of Karlskrona (SNAC-
B); Kungsholmen in Stockholm (SNAC-K); and the Gé&vleborg region with the
municipality of Nordanstigs (SNAC-N). During periodic contact with the sub-
jects, nurses, and doctors carry out extensive physical, functional, psychological,
and cognitive assessments, as well as interviews on medical history, prescribed
drugs, lifestyle habits, quality of life, and social networking. Importantly, data
coming from the Swedish Patient Register (see the next section) is also linked,
providing information regarding inpatient visits over time.
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Figure 2.1: Enrollment sites of the Swedish National Study on Aging and Care

Administrative health databases

Administrative health data is collected by healthcare providers or insurance com-
panies for management and economic reasons, e.g. to keep track of healthcare
use and obtain reimbursement. To this end, the data contained in administra-
tive healthcare is only related to the use of inpatient and outpatient healthcare
resources such as hospitalizations, procedures, and drug dispensations. Because
of their purpose, they typically use international coding systems to record infor-
mation. This helps to standardize data collection and, also, facilitates research to
some extent. Some main international coding systems are reported below:

* thelnternational Statistical Classi cation of Diseases and Related Health
Problems (ICD) [2] provides a categorization of diagnoses and procedures
which helps to use standard terms and descriptions associated with hospital-
izations, and it is now at the 11th version [78].

» Diagnosis-Related Grouping (DRG)[100] is an alternative categorization
for diseases and procedures that focuses on the speci ¢ use of hospital re-
sources, and for this reason, is internationally used to determine healthcare
costs.

» theAnatomical Therapeutic Chemical classi cation (ATC) system[206]
Is used to classify pharmacological drugs according to the active substances,
which are divided into different groups according to the organ or system on
which they act and their therapeutic/chemical properties.
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While not containing detailed individual information, the main advantage of these
resources lies in the possibility of answering pharmacoepidemiology research
guestions and studying healthcare patterns over time on large cohorts of sub-
jects. In addition, their potential is maximized when they are linked to other data
sources, as we will see in the following.

FVG Regional Epidemiological Repository

Public healthcare in Italy is organized at the regional level. As a result, the FVG
Regional Epidemiological Repository is the administrative health database that
refers to the Friuli Venezia Giulia region in the northern part of Italy. Similar

to other Italian regions, it includes the register of births and deaths, hospital dis-
charge records, district health services (intermediate and home care), and the pub-
lic drug distribution system. It is worth noting that the results of laboratory anal-
yses from public laboratories are also available, which is a speci c feature of this
region and makes it an extremely useful source of routinely collected biomarker
data for research. It has been available since the 90s and includes all bene cia-
ries of the National Healthcare System that in Italy practically corresponds to all
residents (in Friuli Venezia Giulia 1.201.510 inhabitants).

Swedish National Patient Register

Since 1987, the Swedish National Patient Register [3] has covered all inpatient
care in Sweden. Since 2001, the register has also covered outpatient visits, in-
cluding day surgery, and psychiatric care by both private and public caregivers.
Although the information contained in the register is the same as that contained
in the hospital discharge records in the FVG Regional Epidemiological Reposi-
tory, it has the advantage of covering the whole of Sweden, so that, for example,
complete information is also available for people who move to different parts of
Sweden during their lives. Another important distinction to note is that the data
come not only from the Swedish National Board of Health and Welfare, but also
from private care providers.

Electronic health records

Electronic Health Records (EHRS) are used by healthcare providers to store the
details of any clinical encounter, such as visits and exams. The structure of the
data can be highly heterogeneous as it can comprehend tabular as well as un-
structured data e.g. free text, images, or signals. Data collection and derivation
of tabular data from unstructured data is typically non-standardized. Regard-
ing drugs, while administrative health databases contain data on medication dis-
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pensed (ATC code, dispensing date, amount dispensed), electronic health records
contain data on drugs prescribed (reason and daily dose). Indeed, drugs are a
very good instance of how these two sources of information complement each
other in medical research. In addition, EHRs can be highly facility-dependent, as
different facilities even in the same city may have different systems that may not
be integrated.

C@RDIONET

The cardiological e-chart, C@RDIONET, comprehends data compiled within
specialized cardiological healthcare at each in-hospital and out-of-hospital con-
tact with patients in FVG region in Italy. In addition, the linkage of C@RDIONET
and the FVG Regional Epidemiological Repository within the municipality of
Trieste and Gorizia constitutes the Observatory of Cardiovascular Diseases [96].
Among other things, this data source allows the gathering of information on both
prescribed and dispensed drugs on subjects and to codify diagnoses integrating
different data sources, namely diagnoses collected during cardiological visits,
laboratory analysis, ICD, and ATC codes.
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Introduction

Intensive longitudinal data to derive dynamic individual risk pro les

This part of the Thesis addresses the problem of obtaining risk assessment tools
that use subjects’ past information to support clinical decisions. In particular, we
will focus on information characterized bgpeatedandintensivemeasurements.

This can be any measurable and quanti able biological substance or characteristic
that can be used as an indicator of a physiological or pathological process. In ad-
dition, we will also look at longitudinal indicators of drug use since not only treat-
ments are a notable source of intensive longitudinal data in the chronic disease
setting, but they also interact with biomarkers. Indeed, biomarker monitoring in
chronic illnesses can be a way to detect disease changes, as well as treatment side
effects and intolerability, which are all aspects that shape subjects' risk of adverse
events over time. There is no doubt that this large amount of data offers great op-
portunities for the management of chronic diseases, potentially allowing accurate
biomarker monitoring and optimal treatment management. However, the granu-
larity of this data is only minimally exploited in the classical approach, which is
mainly based on qualitative evaluation. With the methodological proposals con-
tained in this part of the Thesis, we would like to contribute to the implementation
of a paradigm based on analytical methods to overcome this limitation. The main
characteristics of this second approach are summarized in Figure Il.1. Starting
from intensive longitudinal data in step A), step B) consists of identifying a suit-
able mathematical representation method for individual pro les of the variable of
interest. We then need to consider an appropriate synthesis that can capture, from
the individual pro les, all the features that may be relevant to the clinical assess-
ment (step C). Since the nal goal of medical decisions is the minimization of the
risk of adverse events such as hospitalizations or death, dynamic survival models
(step D) can be used to build prognostic clinical models to study the association
between time-to-event outcomes and longitudinal processes over time. Through
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Figure 11.1: An analytic approach for risk assessment based on intensive longitudinal data in
chronic ilinesses.

this approach, we obtain as nal output a decision support system returning an
individualized prediction of the future risk of adverse events, considering the past
available data on the subject (step E). Survival methods are introduced in the next
section. The motivation for extending them to a dynamic prediction setting is
discussed in the last section of this chapter.

Notions of classic survival analysis

In this section, we introduce the basic notation and concepts of methods for an-
alyzing time-to-event data [101, 107, 194] that we will refer to throughout the
Thesis. In the context of chronic diseases, these are typically adverse events that
we try to postpone as much as possible. In this section, we start by considering
the simple case of a terminal event such as death, which will be the main endpoint
in Part Il of the thesis. In the case of chronic diseases, multiple or recurrent events
may be of interest. Some extensions of the survival methodology to account for
these general settings are introduced in Chapter 6 and discussed in detail at the
beginning of Part IV.

Let D be the non-negative random variable denoting the event time of interest
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elapsed from a time of origin, e.g. baseline, date of entry into the study. Given
that the duration of a longitudinal study is nite, the time of the event of interest,

D, won't be observed for all individuals. For this reason, we introduce the ran-
dom variableC that mathematically describe this (right-)censoring mechanism.
Survival data is therefore identi ed by the pdly; ), whereY = min(D;C) is

the observed time and= I(D  C) is the event indicator, = 1 if the true

event time is observed or= 0 if censored. ImportantlyC andD need to be
independent. We could de ne survival analysis as all the statistical methods that
are able to statistically describe and estimate quantities related to these processes.

Speci cally, the distribution of the time-to-everd,, is described by:

« thesurvival function or event-free probability is de ned for each tinhef
interest as:

S(t)= Pr(D>t)

* thehazard function corresponds to the instantaneous risk of experiencing
the event at time, conditional on survival to that time:

Pr(t D<t+ tjD 1t

h(t) = I|{r!1 . " (2.1)
» thecumulative hazard function represents the total accumulated hazard up
to timet: 7
t
H(t) = h(s)ds (2.2)
0

The hazard and cumulative hazard have a 1:1 relationship with the survival func-
tion throughS(t) = expf H (t)g. For descriptive purposes, non-parametric esti-
mators are used to summarize these quantities in a population [9, 103, 135, 136].
In this Thesis, we will consider regression modeling techniques that enable us to
study the impact of covariates on the risk of an adverse event. All of these models
take the hazard as the target quantity for estimation through the following model
speci cation:

h(tjx) = ho(t)expfx g (2.3)

wherex is a vector of covariates assumed to be xed at their baseline (study
entry) value, and is the corresponding vector of unknown regression coef -
cients. This model is known aspoportional hazard model because the effect

of the covariate is independent of time. Cox's formulation of this model is the
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most commonly used [48], in which the model intercept that regulates the "ref-
erence" hazard of the population over time is left unspeci ed when estimating
the regression parameters and then estimated non-parametrically to predict the
survival function. Alternative formulations consider a parametric form for the
baseline hazard (See for example [97]). The latter are chosen in Parts Il and 1V,
while in this part we consider the semi-parametric model proposed by Cox.

Notions of statistical methods for repeated measures

Repeated measures of biomarkers are also a type of data often collected in lon-
gitudinal observation studies. They refer to a substance/characteristic of the indi-
vidual typically measured on a continuous scale on a number of occasions, often
not evenly spaced in time, and its measurement suffers from error. In addition,
each subject may have a different number of observations.

We lety; be the vector of longitudinal biomarker measurementsygnd single
measurement observed for the subjeat timet;; ,j = 1;::;;m;. In this Thesis,

we will consider two statistical approaches to continuous repeated measures data:
linear mixed-effect models and Functional Data Analysis (FDA).

Linear mixed-effect modelg7, 70] relax the assumption of a standard lin-

ear regression model, in which observations are assumed to be independent of
each other. Indeed, linear mixed-effect models for repeated measures account for
the fact that the subject is a grouping factor that introduces within-group correla-
tion. The termmixedcomes from the fact that in this statistical method both the
association between the variable of interest and observed characteristics of the
populations ked effectd and latent effects that are associated with a speci ¢ in-
dividual, drawn at random from a populatiaaigdom effecsare modelled. The
random effects can be interpreted as subject-speci ¢ deviations from the mean
effects of the populations concerning the intercept (mean value of the biomarker
at time zero) or some factor/covariate [197]. Their role in the model is to account
for the correlation between observations coming from the same subject. They
are also called hierarchical mixed-effect models since they re ect this multilevel
structure of the data. The most common speci cation for these models in the
health context is to consider a random effect for the intercept and a random slope
(change of the biomarker over time):

yie = mig + ()= +a)f(t)+x~+ (1) (2.4)
where ;(t) is the Gaussian measurement error term with mean 0 and varidnce
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f () isanon-linear function of time, and~ are xed-effect coef cients for time

and baseline covariates respectively and N (0; D) are the random effects co-

ef cients that are assumed to follow a Gaussian distribution characterized by its
variance-covariance matrR. A exible dependence between the overall mean
trajectory and time is obtained, for example, using &%, a cubic b-spline with

d degrees of freedom where knots are typically placed according to the quantiles
of the measurement times. For a discussion of estimation methods of this model
according to a frequentist approach, see [112, 147].

Functional Data Analysig151] in the context of longitudinal continuous
data, is centered around the idea that each set of discrete measured values of a
subject characteristic measured over time, is a realization of a function of time.
More formally, a functional datum is a realization of a random variable that takes
values in aHilbert spacesuch as the space of integrable functidrfs A the-
oretical introduction to FDA can be found, for example here [90]. From this
perspective, smoothing refers to the process of converting these discrete values to
a function for which we can obtain its value for any argument of interest. FDA

is a very broad part of statistics that has been used in many ways and for many
applications in the health context [180, 198]. In this part of the Thesis, we use it
mainly as a data-representation method for the individual biomarker pro les.

Rationale for survival analysis in a dynamic framework

In classical survival regression models, two types of covariates are considered:
either those whose value is xed at baseline or those that are time-dependent. In
the rst case, it is assumed that the covariates either do not change over time or
that information about their change is not of interest (Equation 2.3). In the second

case, their change over time can be taken into account through an extension of
the Cox survival model [107, 194]:

h(tjx) = ho(t)expfx(t) g (2.5)

where nowx(t) is a vector of possibly time-dependent covariates. However, the
model described in Equation 2.5 relies on very strong assumptions [202]. First,
the covariate must be measured without measurement error and its value must be
known at all follow-up points. Secondly, only the current value of the covariate is
assumed to in uence the hazard of the event. These assumptions are not compat-
ible with the characteristics of real-world longitudinal data such as biomarkers,
for which there will always be some uncertainty about their value and temporal
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evolution over time.

All of this motivates the need for a statistical model describing their behaviour
over time and the consideration of alternative methods of survival analysis that
allow these aspects to be taken into account. In addition to overcoming these
assumptions, dynamic survival models re ect the conceptual phases of risk as-
sessment in a clinical setting, which are:

1. Collect all the available and relevant past information on a subject.

2. Evaluate how the available information is relevant, e.g. how does the past
affect the future?

3. Assesgheir risk up to a time horizon for which it is believed the information
may still be valid.

4. Repeatthe previous two points when the horizon is reached, or sooner if
new information that may change the risk assessment becomes available.

In Chapter 3 dynamic survival models are formally introduced and extensively
discussed in the case of a single biomarker. Chapter 4 introduces methods to
study the dynamic relationship of multiple biomarkers together with treatment
use over time. In addition, in Chapter 4 the dynamic survival approach is dis-
cussed in this multivariate setting.

This part of the Thesis refers to the following sources:

» Gregorio, C., Barbati G., Scagnetto, A., Di Lenarda A., levaHaw much
of the past matters? Using dynamic survival models for the monitoring
of potassium in heart failure patients using electronic health records.
arXiv:2204.05870 (2022) [73].

» Gregorio, C., Franco, N.R., leva, F. (2023Dynamic models based on
stochastic differential equations for biomarkers and treatment adher-
ence in heart failure patients. Proceedings of the Statistics and Data Sci-
ence Conference, Pavia University Press, May 2023 (ISBN 978-88-6952-
170-6).
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Chapter

Monitoring of single biomarker over
time

3.1 Introduction

Dynamic survival models allow taking into account that the value of biomarkers
changes over time and with that, the risk of adverse events needs to be updated.
The most simple approach to dynamic predictions is the standard landmarking
[202]. This approach resembles what is most typically done in clinical prac-
tice. Only the most recent measurement of the biomarker is taken into account.
Moreover, the assessment of such values is done mainly through cut-offs that
distinguish “normal” values from “abnormal” ones. The major drawback of this
method is that past information given by repeated measurements is either not con-
sidered in the medical assessment or used qualitatively. On the other hand, it has
been shown that exploiting all available information and quantitatively assessing
the risk of an individual biomarker trajectory observed up to a time can be much
more informative. In the last few years, most of the literature involving dynamic
survival models has been based on joint models [153]. Joint models represent the
current gold standard in this setting, since they allow taking into account past his-
tory and measurement error. In this class of models, the longitudinal biomarker
process is modelled through linear mixed effects models, previously introduced.
Much of the research in this context has been devoted to studying different spec-
i cations of joint models [140] and comparing them with standard or more ad-
vanced approaches based on landmarking, such as the landmarking coupled with
linear mixed effect models [63, 154]. Overall, joint models have proved to suc-
cessfully answer many research questions involving longitudinal biomarker data
and survival outcomes in cardiovascular settings [17, 53, 102, 203].
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The aim of this chapter is to present available statistical methods for the
derivation of decision support systems for dynamic monitoring of a sin-
gle biomarker with respect to a time-to-event outcome. In addition, we
propose a novel approach using wavelets and landmarking, to better un-
derstand how past variations in biomarker levels may affect mortality risk
depending on the time window in which they occurred.

Wavelet Iters are common methods in time series analysis [134] and signal pro-
cessing [199] to extract relevant features from data and remove noise. One of
their characteristics is their ability to identify changes that occur at different fre-
qguencies. We believe that this can also be an insightful feature in the context of
clinical monitoring of biomarkers.

The clinical application that motivated this work is the monitoring of potassium

in the management of heart failure in clinical practice. In Section 3.2 we detalil
the rationale for this, as well as the limitations of currently used methods. The
statistical methods behind dynamic survival models and the novel wavelet land-
mark method are described in Section 3.3. In order to assess the appropriateness
of applying the proposed wavelet method to longitudinal biomarker data, a sim-
ulation study is performed (Section 3.4). We present the results of the real-world
application in Section 3.5. Finally, the discussion and conclusions are presented
in Section 3.6.

3.2 Motivating problem and study design

Monitoring patients' disease progression and status over time using easily mea-
surable biomarkers, such as potassium, is crucial for making medical decisions
in heart failure. Potassium alterations are common in heart failure patients due to
the disease itself, pharmacological treatment, and comorbidities. Dyskalemia, or
potassium disorders, can lead to life-threatening conditions, with both low (hy-
pokalemia) and high (hyperkalaemia) levels being dangerous. Clinical guidelines
set the normal range of serum potassium between 3.5-5.0 mmol/L in the general
population. However, recent studies have raised serious concerns about the va-
lidity of this range in patients affected by heart failure [41, 62].

This study aims to further investigate the role of potassium dynamics and to pro-
vide a tool for the monitoring of potassium in the health care of heart failure
patients. However, potassium in heart failure patients is characterized by sud-
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den but typically transient changes, making it challenging to study the relation-
ship between its temporal evolution and the individual survival probability. The
study was conducted within the Trieste Observatory of Cardiovascular Diseases
(see Chapter 2). Speci cally, it involved patients living in the Trieste area who
had a heart failure diagnosis between January 2009 and December 2020, had at
least one cardiological evaluation, and two potassium measurements, and were
observed for at least one year. The cohort was followed from the index date,
de ned as the date of the rst ambulatory visit with a potassium measure avail-
able, until the time of death or the end of the follow-up (administrative study
closure date, xed at 31 December 2020). We considered demographic, clinical,
and instrumental variables at the index date together with all repeated blood tests
containing the potassium measurements.

3.3 Methods

In this chapter, we leD, = fZ;; i;y;;1 = 1;::;ng denote a sample from the
target population wher@ andC; the individual's death and censoring time re-
spectively. We assume th@} is non-informative with respect to the biomarker
process and death time. For each patient, we only observe the coupie
min (T;; Cy), i = 1(T, Ci). Moreover, for each patient2 f 1;:::; ng, we
lety; be the vector of longitudinal biomarker measurementsyana single mea-
surement observed for the subjeet timet;; ,j = 1;::;;m;.

3.3.1 Dynamic predictions

The main objective is to provide a tool to extract a quantitative assessment of
patients' future risk of death from biomarker longitudinal data observed up to a
time, e.g. in correspondence of a clinical visit. Using dynamic survival models,

it is possible to derive individualized dynamic predictions of survival. Weklet

be the subject that has provided a set of longitudinal biomarker measurements up
to timet, Y (t) = fyu(ty);0 ty t]j =1;::5meg. The individual dynamic
prediction is de ned for a speci ed time horizom > t as the probability that the
subjectk will survive, at least up tov:

k(wjt) = Pr(Tx  wjTe >t; Yi(t);Dy) (3.1)

Note that this is a conditional subject-speci c prediction since the subject has al-
ready survived up to time The prediction is called dynamic in time because we
can update it to get, (wjt9 as new information is collected €t> t .
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In the following sections, we describe different methods to obtain dynamic pre-
dictions of survival based on past biomarker measurements.

3.3.2 Landmark LOCF

The standard conditional approach is more similar to what is currently done in
clinical practice. We can set a grid of time points, called landmarks, in which in-
formation on the biomarker can be updated. At each landmark point, we can study
the association between the biomarker and time of death by estimating a Cox
proportional hazard model using as a covariate the last biomarker measurement
collected before the landmark point. The dataset used for the estimation contains
only patients still under observation at the landmark time. Moreover, only the
events up to the xed time horizow are retained, while patients experiencing
the event after the horizon are censored at the horizon timeh Eet hy; :::; hyg

the landmark times. To gain ef ciency and interpretability, instead of estimating
different models for each landmark time, we can specify a so-called "landmark
supermodel” [202]:

hi(ljzi;yins h;w) = hpo(t)expfz + f(yin) @ (3.2)

withh | h+ wand, where; is the vector of xed covariated, (yin) is a
generic transformation of the last biomarker assessment beforé tiamel and

are the respective coef cients. Speci cally, two different models with two al-
ternative transformations of the last biomarker measurements can be considered.
The rst (LOCF1) considers the last observed measurement of a biomarker as
a continuous value. In many cases, it is important to allow the last biomarker
measurement to have a non-linear effect on the hazard. For example, this is the
case for potassium since both low and high values of the biomarker are believed
to be dangerous. This can be accomplished using a cubic B-spline with 4 de-
grees of freedom (internal knots were placed at 25th, 50th and 75th percentiles
of the distribution). In the second model (LOCF2), from the last measurement
of biomarker, a categorical variable can be derived if cut-offs are currently em-
ployed in the clinical practice. For the speci c case of potassium, the value was
categorized as "high" if greater than 5 mmol/L, as "low" if below 3.5 mmol/L
and, in the normal range, otherwise. The dataset used for the estimation is the
one made by stacking all the datasets used for the separate landmark models. It
is important to note that an event can appear in the “stacked” dataset more than
once if it falls in theh + w interval for more than a landmark point This is the
reason why the robust sandwich estimator for the standard errors is used. Once
the model has been estimated, an estimatg Ofjt) for a subjeck is obtained
as:
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A (wit) = expl Fio(w) expfzc" + f (yie) ]

whereH.o(u) is the cumulative baseline hazard obtained using the Breslow esti-
mator.

3.3.3 Mixed Landmark model

The LOCF landmark approach is relatively simple. However, it does not take
into account any past information besides the last measurement or the fact that
the biomarker, as any biomarker, is measured with error. To overcome these
limitations, an extension to the previous model consists of modeling the indi-
vidual biomarker trajectories using a linear mixed effect model. Subject-speci c
changes in the biomarker trajectory can be determined by disease progression
as well as drug intake, hospitalizations, and worsening of renal function. These
are unobserved longitudinal processes, and their effect on the biomarker can be
taken into account using time-related random effects. We consider a natural cu-
bic spline (denoted in the following withs( )) with the same degrees of freedom
used for the xed effects, to allow for the estimated individual potassium trajec-
tories to be as exible as possible.

Now, in the landmark model, we assume that the risk of death depends on a
transformation of the estimated value of the mean subject-speci c trajectory at
each of the landmark times [154]:

hi(ljzi; Yios =5 Vin s hyw) = hpo(t)expfz + f (i) 10 (3.3)

with ;h | h+ w and whereah;, is the mean subject-speci c trajectory at
time h which can be predicted at the different landmark times by deriving the
empirical Bayes estimates of the random effects and the estimated xed effects
from the linear mixed model in 2.4. As in the previous model, a cubic spline is
used, as () to allowrh;, to have a non-linear effect on the hazard of death.

In the same way as before, we can derlyg at timet for the subjeck for whom

we want to calculate the dynamic prediction based on measurements collected up
tot. Therefore, similarly to the LOCF landmark approach, the dynamic predic-
tions are obtained as:

AMIXED  (wit) = exp| ﬁt;o(W) expfz." + f (M) 10] (3.4)
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3.3.4 Joint Model

A different approach to obtaining dynamic prediction is the joint model, in which
the joint distribution of the longitudinal biomarker outcome and the time-to-event
outcome is speci ed. Again, to describe the longitudinal biomarker outcome, a
linear mixed-effect model similar to the one used for mixed landmarking can
be employed. For the survival process, we assume now that the risk of the event
depends on the current value of the “true” mean individual longitudinal trajectory
of the biomarker. The joint model is therefore speci ed as follows:

yie = Mg + (1) =( +a)f )+ x~+ (1) (3.5)

hi(tjHi(t);z) = ho(t)expfz, + f(my) 19;t> 0 (3.6)

whereH;(t) = fm;s;0 s tg denotes the history of the true unobserved
mean longitudinal process up to tinhe Because of computational advantages,
the model is typically estimated under a Bayesian framework using Markov chain
Monte Carlo (MCMC). In this case, an estimate of the dynamic prediction can be
derived from a Monte Carlo simulation scheme based on this formula [153]:

z
Mwjt)= Pr(T  wjT >t; Yi(t);! )p(! jDn)d! (3.7)

where! is the vector of the model coef cient. The rst term is derived from the
conditional independence assumption of the joint model which states that given
the random effects, both longitudinal and event time processes are assumed inde-
pendent, and the longitudinal responses of each subject are assumed independent.

3.3.5 Mixed-Wavelet Landmark model

The approaches that use the linear mixed effects model to extract information
from biomarker measurements place a lot of emphasis on the current value of
the biomarker, which results from the slow and stable changes. They tend to
treat transient changes as measurement errors to be forgotten. Therefore, both
joint and mixed landmark models implicitly assume that past short-term changes
in the biomarker don't affect the risk of adverse events. However, in many
cases, past changes in the biomarker that are not re ected in the current value
may be important to consider when monitoring a biomarker. To assess whether
short-term changes play a role in shaping the risk of death, we propose a novel
method based on landmarking and the wavelet Morlet Iter [30]. In general,
Morlet wavelets are continuous, complex-valued functions used to smooth non-
stationary time-series data, and they allow for distinguishing the frequencies at
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which oscillations occur. The Morlet wavelet transform is characterized by a
“mother wavelet”: ( t) =  ¢bite =2, |n the application to dynamic survival
models and biomarker monitoring, we propose the use of the Morlet lter to ex-
tract from the repeated measurements' data, the times at which relevant changes
happen. To achieve this, the data needs to be de-trended so the Morlet transform
is applied to the residuals of the linear mixed effect model speci ed in Equation
2.4, denoted by . The set of frequencies that will determine the duration of the
short-term changes that are allowed to be captured by the Itering also needs to
be chosen. Here, we de ne equivalently their reciprocal, the periods (or dura-
tion) p. The short-term oscillation in biomarker at tih@nd of duration within

p1 P p2is obtained using the Morlet wavelet transform as [157]:

ddt*? X . Re[Wave(;p)]

9ipl pz( )= N776 (N0 i —A\1=2
0:776 (0) o= pra (1=p
P L :
whereWave(;p) = ,¥i(t)>5 ' . indicates the complex conju-
gate of .  determines the position of a speci c daughter wavelet in time,

andd anddt are the frequency and time resolutions chosen. Fin&#( )
denotes the real part. The ltering itself is carried out by the té\r'ﬁw which

is an indicator that retains only wavelets transform which strength is not consis-
tent with a white noise process. In the wavelet setting, strength is de ned by
the power spectrum. The latter is de ned at a particular time and period as the
square of the local amplitude of the corresponding wavelet transform component:
Pi(;p) = piWave( ;p)j?, wherej j stands for the modulus. It is important to
note that if no relevant oscillations are detected for some subject at a duration
interval of interest&™ "?(') 0.

Now in the landmark model, we assume that the risk of death does not only
depend on the value of the mean subject-speci c trajectory of the biomarker esti-
mated through the linear mixed model as in the landmark mixed model in Equa-
tion 3.3 but also on the short-term changes estimated at landmark times using the
Morlet wavelet Iter described above. Speci cally, the landmark wavelet Cox
model is now speci ed as:

hi(lizi; Yios =2 Yins by w) = hpo(l) expfz + My 1+ F (&) g (3.8)

withh | h+ wand wheres; is the vector of local changes in the biomarker
at different duration intervals of interest for the subjedn this case, two alterna-
tive models were considered: one with the cubic-spline transformation function
asf (), the other with a categorical version de ned as follows:
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8

3 \upward" if 8 2> 0
o P2 = \downward' if & <0

~ \no" if &t =0

As in the previous landmark models, the dynamic prediction follows for subject
k from the tted Cox model as:

AWAVE (wit) = expl Foo(w)expfz™ + Mg + (&) dl  (3.9)

3.4 Simulation study

In the previous section, we discussed dynamic survival models that leverage in-
formation from repeated measures of the biomarker. However, the effectiveness
of these models heavily relies on the chosen method employed to obtain the in-
dividuals' biomarker trajectories. We propose the utilization of the wavelet lter,
which is commonly employed in the medical signal and time-series domain. By
combining the well-established linear mixed model with the wavelet Iter, we
propose a novel methodology for representing biomarker data with irregular in-
tervals between measurements. To assess the performance of this approach, we
conduct a simulation study with two main objectives. Firstly, we aim to com-
pare different speci cations of the linear mixed model, with a particular focus on
the degrees of freedom of the spline transformation for time. This analysis al-
lows us to investigate the impact of various model con gurations on the accuracy
and exibility of capturing the underlying patterns in the biomarker trajectories.
Secondly, we seek to evaluate the effectiveness of the Wavelet lter adapted for
biomarker data obtained from electronic health records, as discussed in the pre-
vious section. By incorporating this Iter into the modeling process, we aim to
exploit its ability to handle irregular intervals and capture both high-frequency
and low-frequency components of the biomarker trajectory.

For the simulation study, we generated 100 datasets, each containing the true
potassium trajectories of 1000 individuals. To ensure the synthetic data closely
resembled the observed data in terms of heterogeneity and irregularities, we sam-
pled the observations based on the empirical distribution of the measurements
found in the actual dataset. Additionally, the maximum follow-up time for each
individual was sampled from a Weibull distribution with a scale parameter equal
to 3083 and a shape parameter of 1.80.
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Following the tting of linear mixed models and applying the Wavelet lter,

we have obtained predicted values for the biomarker trajectories based on each
model. To quantify the accuracy of the predictions, we calculated the Mean
Squared Error (MSE) and compared it across the different methods utilized.

The results are displayed in Figure 3.1. Overall, the proposed approach based on
the Morlet Wavelet (MW) Iter showed the highest performance in capturing the
true biomarker individual pro les compared to the linear Mixed Model (MM).
Importantly, contrary to the MM approach, MW is robust to the choice of the
number of degrees of freedom used for the splines.

Figure 3.1: Mean Squared Error (MSE) obtained in the simulation study for the Mixed Model
(MM), and the Morlet Wavelet method (MW).

3.5 Application

3.5.1 Descriptive statistics

2981 subjects were included in the analysis. Their characteristics at the index
date are summarized in Table 3.1. The median age in the cohort was 77 years
(IQR: 70-83) and 58% were male. The median Left Ventricular Ejection Fraction
(LVEF) was 54% (IQR: 40-63). LVEF is a measure of heart function, and it is
considered to be normal when it is over 50%. In this cohort, 40% of patients had
a reduced LVEF. The New York Heart Association (N.Y.H.A) class indicates the
progression of heart failure. In this case, 88% of patients had a class of | or Il
corresponding to asymptomatic and mild symptoms respectively. Furthermore,
48% of patients had a diagnosis of Chronic Kidney Disease (CKD) and 64% of
patients had more than 3 non-cardiac comorbidities. The median time of the
follow-up period in the cohort was 55 months (IQR: 33-80 months). Finally,

45



Chapter 3. Monitoring of single biomarker over time

subjects had in median 20 (IQR 11-36) potassium measurements at a median
distance of 4 days (IQR: 1-32 days). At 2 years of follow-up, the Kaplan-Meier
estimate of the survival probability was equal to 0.92 (95% CI 0.91-9.93).

Table 3.1: Descriptive statistics of the cohort.

Characteristic n=2,981
Age, years 77 (70, 83)
Gender, male 1,730 (58%)
LVEF, % 54 (40, 63)
LVEF class

HFpEF 1,780 (60%)
HFrEF 1,201 (40%)
NYHA Class

1 1,102 (37%)
2 1,516 (51%)
3 337 (11%)
4 26 (0.9%)
CKD 1,422 (48%)
Non-cardiac comorbidities 3 1,915 (64%)

Number of potassium measurements 20 (11, 36)
Median (IQR); n (%)

3.5.2 Longitudinal potassium trajectories

To explore the relationship between the risk of death and potassium (K) in Figure
3.2 we show the trajectories of potassium observed for a random sample of 50 pa-
tients against “time-to-the-end-of-the-observation-period”. Patients were divided
into two groups: subjects who died and patients still alive at the end of the study.
A lowess smoothing curve was used to compare the overall trajectory between
the two groups. It can be observed that the lowess curve falls within the standard
normality range of 3.5-5 mmol/L in both groups. Moreover, the lowess curves ap-
pear rather at over time both in censored and in subjects who died, even though
the group with the event shows a slight decrease in potassium values just before
the time of death. From the individual observed trajectories, it can be also ob-
served how patients who died tend to exhibit an oscillatory pattern towards the
end of the follow-up.

The duration windows of interest for potassium chosen were 2-14 days, 15-30
days, 31-90 days, 91-180 days, and 181-365 days. The rationale behind the
choice of the intervals was the clinical interpretation of the short-term compo-
nents. These intervals were discussed with the clinical experts involved in the
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Figure 3.2: Potassium measurements in a random sample of 50 patients in reverse time according
to whether patients died (right panel) or they were censored (left panel). The red lines indicate
the lowess smoothing curve.

study, and they re ect clinical practice routines. More speci cally, potassium
measurements are usually repeated within 14 days and again after 30 days during
up-titration of the pharmacological treatments or more frequently when patients
are hospitalized. In both cases, these can be considered possible reasons for the
“acute crisis” in the values of potassium. On the other hand, 90, 180, and 365 days
are the intervals where patients can be reevaluated by cardiologists and when ef-
fects of disease progression or worsening of comorbidities (e.g. chronic kidney
disease) on potassium can be observed.

3.5.3 Dynamic survival models

In all the landmark models presented in the following, as landmark points, we
considered time points from 1 to 5 years at a distance of 7 days. The time horizon
was xed at 6 months. As xed covariates, relevant prognostic factors in heart
failure we considered: age, sex, N.Y.H.A class, LVEF class, diagnoses of CKD,
and a burden of non-cardiac comorbidities greater than three. For abbreviations,
for potassium, the same notation used in the models presented in the Methods
Section is used in the tables. Moreoves( ) will denote that a cubic B-spline

was used as transformatidn ).
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Table 3.2: Estimates of LOCF1 landmark model coef cients along with standard errors, 95%
con dence intervals and, p-value.

Variable Coefcient Std.Error  95% ClI p-value
Age 0.67 0.05 0.57;,0.77 <0.01
Sex, Male 0.30 0.07 0.16;0.44 <0.01
NYHA HI-IV (vs. I-11) 0.62 0.09 0.44,0.8 <0.01
HFrEF 0.12 0.07 -0.02;0.26 0.09
> 3 comorbidities 0.41 0.08 0.26;0.57 <0.01
cs(Yin ) -1.37 0.25 -1.85;-0.89 <0.01

Figure 3.3: Relative risk of the last measurement of potassium on the risk of death.

Landmark LOCF the models were tted using thR survival — package
[194, 195]. First, the two different landmark models, LOCF1 and LOCF2 were
tted to the data. Results for the model, with the continuous version of the last
observation of potassium before the landmark point, are reported in Table 3.2.
Coherently with previous literature, all xed covariates are risk factors, increas-
ing the risk of death in heart failure patients. The last measurement of potassium
as a continuous variable is also signi cant. Because of the spline transformation,
its effect on the risk of death is shown in Figure 3.3. As expected, both high value
and low value of potassium are associated with a greater hazard of dying in the
next 6 months. Interestingly, the “safer” range, shown in blue, is even smaller
than current normality cut-offs.

According to the results of the model LOCF2 (Table 3.3), having the last mea-
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surement of potassium below 3.5 mmol/L is associated with an increased risk of
death, while having the last measurement of potassium greater than 5 mmol/L is
weakly associated with a higher hazard of death.

Table 3.3: Estimates of LOCF2 landmark model coef cients along with standard errors, 95%
con dence intervals and, p-value.

Variable Coefcient Std.Error 95% ClI  p-value

Age 0.68 0.05 0.58;0.78 <0.01
Sex, Male 0.31 0.07 0.17;0.45 <0.01
NYHA -1V (vs. I-11) 0.60 0.09 0.42;,0.77 <0.01
HFrEF 0.14 0.07 0;0.29 0.05
> 3 comorbidities 0.44 0.08 0.28;0.59 <0.01
Yih > 5mmol/L -0.02 0.09 -0.19;0.15 0.83
yin < 3:5mmol/L 0.89 0.12 0.65;1.12 <0.01

Mixed Landmark:the factors that are known to in uence potassium are age,
sex, CKD, and heart failure progression. For this reason, these variables, mea-
sured at baseline, were used as covariates in the linear mixed model for potas-
sium. The estimates of the xed effects show that males have a higher mean
potassium value, CKD increases the mean potassium values, whereas an N.Y.H.A.
class above two is associated with lower potassium values. The degrees of free-
dom for the natural cubic spline transform of time were selected using the Akaike
Information Criteria (AIC). The model with a spline with 9 degrees of freedom
was selected. The complete list of the estimates of the linear effect model is re-
ported in the Supplementary Material. The results of the mixed landmark model
are reported in Table 3.4. The estimates for the xed covariates are consistent
with the results of the previous model. Moreover, as shown in Figure 3.4, the rel-
ative risk has an u-shape relationship with different values of the individual mean
potassium trajectory.

Table 3.4: Estimates of mixed landmark model coef cients along with standard errors, 95%
con dence intervals and, p-value.

Variable Coefcient Std.Error 95% CI p-value
Age 0.68 0.05 0.58;0.77 <0.01
Sex, Male 0.30 0.07 0.16;0.44 <0.01
NYHA HI-IV (vs. I-11) 0.62 0.09 0.44;,0.79 <0.01
HFrEF 0.13 0.07 -0.02;0.27 0.08
> 3 comorbidities 0.39 0.08 0.23;0.54 <0.01
cs(hatmi, ) -3.87 0.57 -5;-2.75 <0.01
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Figure 3.4: Relative risk of the mean potassium value at the landmark point.

Joint Model to model the survival and the potassium process jointly, the joint
model has been tted under a Bayesian framework with the packistigayes2

[155]. For the longitudinal part of the linear mixed effect model, the same spec-

i cation of the mixed-landmark model was used, with the exception that four
degrees of freedom were used for the splines. Due to the computational com-
plexity of the joint model, it was not possible to consider a higher number of
degrees of freedom. The results of the longitudinal and the survival parts of the
model are reported in Table 3.5 and Table 3.6 respectively. As can be seen, the
association between potassium and the risk of death is quite similar to the ones
obtained with the mixed landmark model of the previous section (Figure 3.5).

Table 3.5: Estimates of the longitudinal part of the joint model coef cients along with standard
errors, 95% credible intervals, and the corresponding posterior tail probability (P).

Variable Posterior Mean Std.Error  95% ClI P
Sex, Male 0.06 0.01 0.03;0.09<0.01
Age -0.01 0.01 -0.02;0.01 0.41
CKD 0.12 0.01 0.1;0.15 <0.01
NYHA -1V (vs. I-11) -0.06 0.02 -0.1;-0.02 <0.01
csi(t) 0.03 0.04 -0.06;0.11 0.54
csy(t) -0.02 0.09 -0.21;0.16 0.8
css(t) 0.08 0.12 -0.16;,0.32 0.51
csy(t) -0.18 0.27 -0.71;0.35 0.49
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Table 3.6: Estimates of survival part of the joint model coef cients along with standard errors,
95% credible intervals, and the corresponding posterior tail probability (P).

Variable Posterior Mean  Std.Error 95% CI P
Age 0.69 0.07 0.56;0.82 <0.01
Sex, Male 0.34 0.06 0.21:0.47 <0.01
NYHA -1V (vs. I-11) 0.44 0.08 0.28;0.58 <0.01
HFrEF 0.09 0.06 -0.03;0.21 0.13
> 3 comorbidities 0.40 0.06 0.28;0.53 <0.01
cs(mit) -0.61 0.09 -0.79;-0.42 <0.01

Figure 3.5: Relative risk of current mean value of potassium

Landmark mixed-wavelettollowing the steps described in Section 3.5,

we obtained the vector of the continuous and categorical version of short-term
changes of potassium at the landmark points. As an example, the periodogram
and the derived short-term oscillations together with the potassium measurements
and the mean current value for one subject are presented in Figure 3.6. The pe-
riodogram displays the wavelet power according to time (x-axis) and the period
(y-axis). Over the 5 years of observations, the mean trajectory estimated using the
linear mixed effect model (top panel, dashed line) is rather at. However, there
are some sudden changes that are captured by the periodogram (central panel). In
correspondence to the stronger power spectrum areas, the Itering captures some
changes in the interval 181-365 days and between 15 and 90 days. Both the land-
mark model with the continuous covariates representing the short-term changes
and the one with the corresponding categorical ones were tted. The one with
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Figure 3.6: Top panel Potassium measurements over time and mean current value (dashed line)
for one patientCentral panel: Periodogram obtained through the wavelet transf@ottom
panel: Example of corresponding short-term oscillations obtained through wavelet Itering.

the categorical variables had the lowest AIC and therefore its results are reported
in Table 3.7. As in the previous model, the mean value of potassium estimated
through the linear mixed model appears to be signi cantly associated with the
risk of death. Moreover, the presence of both downward and upward past varia-
tions in the last year has an impact on the risk of death. Therefore, the history of
the longitudinal process seems to in uence the survival probability up to 1 year.
Both downward and upward oscillations increase the risk of death. Furthermore,
those with a duration of less than 3 months have the strongest effect.

3.5.4 Model comparison

First, the overall goodness-of- t of the different landmark survival models was
compared in terms of AIC, Bayesian Information Criteria (BIC), and C-concordance
index obtained with 10-fold Cross-Validation (Table 3.8). The landmark mixed-
wavelet model shows the lowest AIC and BIC. Moreover, the C-index obtained
with this approach is signi cantly higher than the others.

Then, a comparison of all the dynamic survival models in terms of the dynamic
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Table 3.7: Estimates of mixed-wavelet landmark model coef cients along with standard errors,
95% con dence intervals and, p-value.

Variable Coefcient Std.Error  95% CI p-value
Age 0.67 0.05 0.57;0.77 <0.01
Sex, Male 0.28 0.07 0.14:0.42 <0.01
NYHA -1V (vs. I-11) 0.61 0.09 0.44:0.79 <0.01
HFrEF 0.15 0.07 0.01;0.29  0.03
> 3 comorbidities 0.36 0.08 0.2;0.51 <0.01
cs(Min) -2.79 0.59 -3.96:-1.62 <0.01
o2 4 upward 0.48 0.06 0.36;0.59 <0.01
o2 *: downward 0.43 0.05 0.33;0.54 <0.01
ol 39 ypward 0.49 0.04 0.41:0.58 <0.01
ol'> 3% downward 0.50 0.04 0.42;0.59 <0.01
ot 9 ypward 0.45 0.05 0.34:0.55 <0.01
ot 91 downward 0.48 0.05 0.38:0.58 <0.01
ot %% ypward 0.25 0.06 0.13:0.37 <0.01
ot 8% gownward 0.30 0.06 0.18:0.42 <0.01
ol8 3% ypward 0.08 0.07 0.05,0.21  0.22
o't 3%l gownward 0.16 0.07 0.03;0.29  0.02
Model AIC BIC  C-Index (95% Cl )

Landmark LOCF1 315900 315948 0.692 (0.674-0.711)
Landmark LOCF2 31576 315825 0.691 (0.674-0.709)
Landmark Mixed 315232 315280 0.698 (0.679-0.717)
Landmark Wavelet 310636 310763 0.745 (0.729-0.761)

Table 3.8: Comparison of goodness-of- t between the different landmark models in terms of
AIC, BIC and C-index (obtained with 10-fold cross-validation).

predictive performance was obtained through discrimination and calibration mea-
sures. Speci cally, we used the Dynamic Area Under the Curve (AUC(t)) and the
Brier Score [25]. 10-fold cross-validation was used to obtain both indices. The
prediction was made at three different times: 1 year, 2 years, and 3 years of
follow-up, and the prediction horizon considered was 6 months. The results are
presented in Table 3.9. It can be observed that the novel wavelet method showed
the highest discrimination.
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Table 3.9: Comparison of predictive accuracy measures between the different dynamic survival
models in terms of discrimination and calibration (obtained with 10-fold cross-validation).

Prediction time: 1 year

Model AUC (6 months) Brier Score (6 months)
Landmark LOCF1 0.51 (0.43-0.59) 0.039 (0.032-0.045)
Landmark LOCF2 0.51 (0.47-0.55) 0.038 (0.032-0.045)
Landmark Mixed 0.54 (0.49-0.6) 0.039 (0.032-0.046)

Joint Model 0.5 (0.44-0.56) 0.04 (0.033-0.047)
Landmark Wavelet 0.69 (0.64-0.73) 0.037 (0.031-0.044)
Prediction time: 2 years

Model AUC (6 months) Brier Score (6 months)
Landmark LOCF1 0.59 (0.53-0.65) 0.041 (0.033-0.049)
Landmark LOCF2 0.53 (0.47-0.59) 0.041 (0.033-0.049)
Landmark Mixed 0.6 (0.54-0.66) 0.041 (0.033-0.049)

Joint Model 0.52 (0.46-0.58) 0.044 (0.036-0.051)
Landmark Wavelet 0.72 (0.68-0.77) 0.039 (0.032-0.047)
Prediction time: 3 years

Model AUC (6 months) Brier Score (6 months)
Landmark LOCF1 0.51 (0.44-0.57) 0.051 (0.044-0.057)
Landmark LOCF2 0.51 (0.5-0.52) 0.051 (0.044-0.058)
Landmark Mixed 0.53 (0.46-0.6) 0.05 (0.044-0.057)

Joint Model 0.53 (0.46-0.6) 0.052 (0.045-0.059)
Landmark Wavelet 0.66 (0.6-0.71) 0.05 (0.043-0.056)

3.5.5 Dynamic predictions

In heart failure, the monitoring of potassium plays an important role. Therefore,
a score that could easily be used by a cardiologist would be very useful to quan-
titatively assess the patient's risk using the potassium measurements available.
Figure 3.7 shows an example of a patient's predicted survival probability dynam-
ically updated at times 1.6, 2, and 3.3 years. In addition to the dynamic prediction
of the survival probability, we also propose a score based on the wavelet landmark
model, which feeds a dynamic tool for supporting medical doctor's daily practice.
To obtain the score, the partial linear predictor, containing all the terms related
to potassium, was predicted for an individuat timet and it was categorized

in risk groups by using the observed quartiles in the entire cohort. We call this
the Heart Functional Dynamic potassium (K) Score (HFDKS). Figure 3.7 also
displays the corresponding predicted HFDKS. It can be observed how at one year
and a half of follow-up, while having a previous potassium value over 5 mmol/L,
the patient is at low risk. The risk becomes very high at two years after the sub-
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